ABSTRACT: This study evaluates the use of European Centre for Medium-Range Weather Forecasts (ECMWF) products in monitoring and forecasting drought conditions during the recent
Introduction
Rainfall plays a major role in determining agricultural production in areas dependent on traditional rainfed agriculture, such as the Horn of Africa (HoA) (Haile, 2005) , and a persistent anomaly has severe impacts on the population. It is estimated that the recent 2010-2011 drought in the HoA affected approximately 12 million people. The drought in the region has been estimated by some sources the worst in the last 60 years (Loewenberg, 2011) . Although the main trigger of the crisis was the drought, other factors, including conflicts, population displacement and an increase in food and fuel prices led to a serious humanitarian crisis (http://reliefweb.int/hornafrica-crisis2011).
This study presents an evaluation of the European Centre for Medium-Range Weather Forecasts (ECMWF) products in monitoring and forecasting drought conditions in the 2010-2011 event in the HoA, and in general during the rainy seasons. The monitoring of the drought is evaluated through a comparison of the ERA-Interim reanalysis (ERAI; Dee et al., 2011) precipitation against several global datasets based on observations. Soil moisture, widely used as a drought indicator since it integrates precipitation anomalies in time (e.g. Dutra et al., 2008; Sheffield and Wood, 2008) , is also evaluated through the ERAI soil moisture anomalies. The normalized difference vegetation index (NDVI) from the moderate resolution imaging spectroradiometer (MODIS) is used as an independent source to assess the vegetation stress during the drought period. The seasonal precipitation forecasts were evaluated (against different verification sources) by analyzing the skill of two versions of the ECMWF seasonal forecast systems. Furthermore, a recent (since 1999) drying of the March-May precipitation in the region, documented by Lyon and DeWitt (2012) is assessed in historical seasonal forecasts. The different datasets used in this study are described in Section 2, the results are presented in Sections 3 (monitoring with ERAI) and 4 (forecasting with seasonal forecasts) and summarized in Section 5.
Data
The HoA region is defined in this study as the land area between 3°S to 12N°and 40°E to 52°E (see box Copyright  2012 Royal Meteorological Society E. DUTRA et al. in Figure 4 ), including Somalia, central and southeastern Ethiopia (east of the Ethiopian Highlands), accounting for approximately 1.2 × 10 6 km 2 [similar to the HoA sub-region used by Mariotti et al. (2011) ]. Precipitation in the HoA region is characterized by two rainy seasons, March-May (MAM, 'long rains') with higher intensity and a second of shorter duration in October-December (OND, 'short rains').
The observation-based precipitation datasets in this study include: (1) the Global Precipitation Climatology Centre version 6 (GPCC; Rudolf and Schneider, 2005; Schneider et al., 2011 ; http://gpcc.dwd.de); (2) the Climate Prediction Center (CPC) Merged Analysis of Precipitation (CMAP; Xie and Arkin, 1997) ; (3) the Global Precipitation Climatology Project version 2.1 (GPCP21; Huffman et al., 2009) and version 2.2 (GPCP22; Huffman et al., 2011) and (4) the Climate Research Unit version 3.1 [CRU, updated from Mitchell and Jones (2005) ]. GPCC and CRU are only based on rain gauges, while GPCP and CMAP blend data from a variety of satellites and gauges. The datasets provide monthly means of precipitation which span 1979 (or before) to December 2008 (CRU), September 2009 (GPCP21 and CMAP) and December 2010 (GPCC and GPCP22).
The variables analyzed for the drought monitoring were ERAI output, the latest global atmospheric reanalysis produced by ECMWF which extends from 1 January 1979 to present date. See Dee et al. (2011) for detailed descriptions of the atmospheric model used in ERAI, the data assimilation system, the observations used and various performance aspects. The ERAI configuration has a spectral T255 horizontal resolution (about 0.7 × 0.7 in the grid-point space) with 60 model levels. Unlike the other datasets used in this study, ERAI does not make use of rainfall measurements. Rather, 3-hourly ERAI precipitation estimates are produced by 12 h model integrations starting at 00UTC and 12UTC daily from initial conditions provided by the data assimilation system. These short-range forecasts are therefore mainly constrained by the analysis of upper-air observations of temperature and humidity, from satellites and in situ instruments. Soil moisture and 2 m temperature (T2M) were taken from the 6-hourly surface analysis of ERAI (Mahfouf et al., 2000) . Albergel et al. (2011) showed that ERAI has a good skill in capturing the soil moisture variability (using observations across the world). Additionally, we also analyzed the monthly NDVI from MODIS (Huete et al., 2002) at 0.05°resolution (product MOD13C2), available from February 2000 to December 2011. NDVI is used as an independent data source to monitor the vegetation stress during the drought which is closely related with soil moisture anomalies (Peled et al., 2010) .
ECMWF seasonal precipitation forecasts, based on an atmosphere-ocean coupled model, were used for the drought forecasting. In this article, we evaluate System 3 (S3; Anderson et al., 2007; Stockdale et al., 2011) that has been in operation since 2006 and will be discontinued during 2012, and its successor, the recently implemented System 4 (S4; Molteni et al., 2011 Molteni et al. (2011) presented an overview of the model biases and forecast scores of S3 and S4.
Monitoring
The ERAI mean annual cycle of precipitation over the HoA is comparable with the observation-based global datasets (Figure 1 ). All the datasets agree on the onset and the end of the rainy seasons, but differ in their intensity. ERAI has the highest peak values in both seasons, suggesting an overestimation of intensity in the reanalysis product. The challenges of representing the mean annual cycle of precipitation in the HoA in atmospheric models are well known (Mariotti et al., 2011) . However, it should also be highlighted that the global observation-based precipitation products used for comparison display a large uncertainty in the representation of the mean annual cycle of precipitation. Furthermore, the number of rain gauges entering the datasets decreased though time in the region. For example, in GPCC, there was a drop in the number of stations from approximately 40 to 15 to 5 in the periods 1979 to 1990, 1992 to 2005 and 2005 to 2010, respectively. The interannual variability of the OND and MAM precipitation [Figure 1(b) and (c)] and the anomaly correlation coefficient (ACC) among the different products (see Table I ) highlight the nature and variability of precipitation in the region. All datasets, including ERAI, are in good agreement during the OND season (ACC >0.8 in Table I ), although ERAI contains a slight positive trend. On the other hand, during MAM, the 'long rains' season, there is a drop in the correlations between the datasets, especially in ERAI from significant values around 0.85 to not significant values below 0.35; ERAI does not represent the interannual variability and has a low (not significant) ACC. The ERAI problems during MAM are clearly illustrated in Figure 1 (b), where both GPCC and GPCP are very similar, as expected since they share similar data over land, presenting a negative trend, in particular since 1999 (Williams and Funk, 2011; Lyon and DeWitt, 2012) . ERAI does not capture this negative trend and has a lower interannual variability than the remaining datasets. However, ERAI captured the 2011 MAM-negative anomaly, as well as OND 2010. Dee et al. (2011) found that ERAI overestimates precipitation over central Africa (and in general over the tropical oceans), along with an excessive decadal decrease of precipitation in the region, associated with a warm bias in the model and changes in data coverage in the last decade. The problems found in ERAI over the HoA, especially during MAM, have not been previously documented. They may be related with changes in the data coverage and observations entering the data assimilation that masked the trend found in the remaining datasets. These results show that the use of ERAI for monitoring purposes should be carefully assessed against independent datasets, suited to the particular application and region of interest.
The temporal evolution of the ERAI anomalies of precipitation and soil moisture from January 2010 to December 2011 indicates a severe drought situation in Figure 3) , with a dry anomaly over the northwestern Indian Ocean, extending to eastern Africa and also over the central Pacific. However, there is also a wet anomaly in the eastern Indian Ocean. These anomalies are consistent with the sea surface temperature (SST) anomalies (see Figure 4 (a)) corresponding to a La Niña event. This influence of El Niño-Southern Oscillation (ENSO) on east African rainfall has been widely documented (e.g. Camberlin et al., 2001; Nicholson and Selato, 2000) . Furthermore, the SM1 and NDVI anomalies during OND 2010 (Figure 4 ) also point to east Africa being dry and northwestern Australia and southern Indian Ocean being wet.
During MAM 2011, the pattern of the precipitation anomalies in ERAI (Figure 3(c) ) is consistent with the results presented by Lyon and DeWitt (2012) based on merged analysis of station rainfall observations and satellite estimates (Janowiak and Xie, 1999) . The dry anomaly in east Africa can also observed over the central and southern Indian Ocean, west-central Pacific and southwest Africa, while there is a wet anomaly in the western tropical Pacific. The ERAI SM1 and NDVI anomalies patterns during MAM 2011 (Figure 4 ) are also consistent with the precipitation anomalies. Despite the limitations of ERAI precipitation during the MAM season in the HoA, described earlier, the 2011 event was captured both in terms of precipitation and soil moisture anomalies. These results highlight the role of soil moisture in monitoring droughts associated with the temporal integration of precipitation (forcing) and evaporation (demand) anomalies.
Seasonal forecasts
Firstly, the skill of S3 and S4 precipitation forecasts for the OND and MAM seasons was analyzed and evaluated in terms of the ACC for the ensemble mean and the continuous rank probability skill score (CRPSS). The continuous rank probability score (CRPS, see Hersbach (2000) ) is a development of the ranked probability score. It can be interpreted as the integral of the Brier Score over all possible threshold values of the parameter under consideration. In deterministic forecasts, the CRPS is reduced to the mean absolute error. Since the CRPS is not a normalized measure, we evaluate the CRPSS. In the skill score calculation, the reference forecast was taken from the verification dataset as a random sample of different years, to produce a climatological forecast with the same ensemble size as the system that is verified. The CRPS of the reference forecast was evaluated as the mean of 100 bootstrapped reference forecasts to avoid sampling errors and to make the reference forecast more robust. In the previous section, it was found that the five observational-based global datasets of precipitation (CRU, GPCP21/22, CMAP and GPCC) could represent the interannual variability of precipitation the HoA region during the OND and MAM seasons (see Table I ). However, the ACC between the datasets varies from 0.78 to 1. Since we do not have access to a dataset based only on rain gauges with a detailed coverage of the region (if it exists) which could serve as ground-truth for the seasonal forecast verification, the ACC and CRPSS were calculated for each of the different precipitation datasets. ERAI was also included as a verification dataset, despite the problems of the MAM interannual variability. The ACC and CRPSS of both S3 and S4 for the forecasts valid in OND with different lead times (from June to October) show a consistent and skillful prediction of the precipitation anomalies in the region ( Figure 5 ). In both ACC and CRPSS, S4 has higher skill than S3 considering the different verification datasets and lead times, except for the forecasts starting in September where S3 outperforms S4. The uncertainty associated with choosing different verification datasets is small regarding the ACC, and the ACC tends to be similar when using GPCC, CMAP, GPCP21 and GPCP22. There is a larger uncertainty in the CRPSS. This is mainly associated with the reduced size of the seasonal forecast ensembles in the hindcast period (11 members in S3 and 15 members in S4) which has the effect of an underestimation of the variability of the datasets because of a limited sample size. Furthermore, reducing the number of ensemble members of S4 from 15 to 11 (as used in S3) has a reduced impact in the skill scores when compared with the uncertainty due to the use of different verification products (not shown). Both CRPSS and ACC tend to be lower if ERAI is used as a verification dataset in comparison with other datasets for most of the forecast lead times. This result is unexpected and is associated with an artificial positive trend of ERAI OND precipitation [see Figure 1(c) ]. When the OND ERAI precipitation is detrended prior to the verification (ERAId, Figure 5 ), the skill scores are similar to those evaluated with the different observation-based datasets. This signal is also found when calculating the correlation between the OND precipitation in the HoA and the SST anomalies in the pacific for the Nino3.4 region [ Figure 6 (a)]. The ACC are about 0.6 for GPCC, CMAP, GPCP21 and GPCP22 and ERAId, while lower for ERAI and CRU. ACC is a measure of the teleconnection strength between ENSO and the east African precipitation in OND, which is also present in S3 and S4 [Figure 6(b) ] at different lead times. Neither S3 nor S4 forecasts show any skill for MAM at the different lead times (Figure 7) , except for the S4 forecasts starting in March. These results were expected, since the MAM precipitation in the HoA as a whole does not exhibit very strong relationships with any large-scale climate anomaly (Camberlin and Philippon, 2002) . systems (S3 and S4), while such relation is not present in reality. The time series of seasonal precipitation from GPCP22 and the ensemble mean of S3 and S4 for OND and MAM (Figure 8 ) further illustrate the different behaviour of the seasonal forecasts in predicting precipitation anomalies in the HoA. The forecasts and GPCP22 in Figure 8 are presented as z-scores (removed mean and divided by standard deviation). This representation can be interpreted as a systematic bias correction of the forecast mean and variability in order to match the verification dataset. During OND, there is a good agreement of the interannual variability of S3 and S4 in comparison with GPCP22, and both systems predicted a dry OND from July 2010 onwards [ Figure 8 Two recent publications discussed the observed drying trend (in particular from 1999 onwards) of the MAM season over east Africa [see GPCP22 in Figure 8(b) ]. Williams and Funk (2011) suggested that a westward extension of the ascending branch of the walker circulation, associated with the recent warming in the west Pacific and central Indian Ocean, has caused a trend in the background circulation over the HoA suppressing precipitation in the region. Lyon and DeWitt (2012) . Furthermore, Figure 11 (a) and (b) suggests that the S4 does not accurately simulate how MAM precipitation over the Indian Ocean responds to SST patterns, which was suggested by Williams and Funk (2011) as a possible driver of the suppression of convection over tropical eastern Africa. Our results do not conflict with the finding of Williams and Funk (2011) and Lyon and DeWitt (2012) , in terms of the recent trend of precipitation in the HoA, but are inconclusive in terms of the main drivers for this change, that is partially present in S4 and not in S3.
Summary
In this study, ECMWF products were evaluated in monitoring and forecasting drought conditions during the 2010-2011 event in the HoA.
Monitoring
The ERAI precipitation anomalies during OND compare well with other observation-based global datasets, noting that these datasets present a large uncertainty in the HoA. This is in line with the findings of Shin et al. (2011) . The MAM precipitation interannual variability is poorly captured by ERAI, for reasons yet unexplained. The 2010-2011 drought resulted from a precipitation deficit in both the October-December 2010 and March-May 2011 rainy seasons, and this was captured by ERAI. Soil moisture anomalies of ERAI also identified the onset of the drought condition early in October 2010 with a persistent drought still present in September 2011. This anomaly was also confirmed using the MODIS NDVI.
Forecasting
The precipitation deficit in October-December 2010 was associated with a strong La Niña event. The ECMWF seasonal forecasts of NINO3.4 predicted the La Niña event from June 2010 onwards and also a dry precipitation anomaly for the region from July 2010 onwards. However, the seasonal forecasts for the March-May 2011 season did not predict the anomaly, except for the forecasts starting in March 2011. This is consistent with the findings of Camberlin and Philippon (2002) , reporting that the March-May season does not exhibit strong relationships with any large-scale climate anomalies. In general, S4 outperforms S3 in simulating the observed MAM drying in east Africa since 1999 (forecasts starting in March).
Outlook
Climate scenarios for the 21st century suggest an average increase of precipitation in the HoA region (Paeth et al., 2009; Mariotti et al., 2011) that might result in a decrease of moderate droughts (Burke and Brown, 2008) [a signal also found in soil moisture simulations for the present climate (Sheffield and Wood, 2008) ]. However, there are also some indications of an increased variability of rainfall in the future (Wolff et al., 2011) , and a recent decline of precipitation during the long-rains (MAM) season. Even with an increase of mean precipitation, the increase of interannual variability as well as social and political conflicts makes this region and its population highly vulnerable to future droughts, thus global monitoring and forecasting of drought, such as that presented
